In this paper we examine the lexical substitution task for the medical domain. We adapt the current best system from the open domain, which trains a single classifier for all instances using delexicalized features. We show significant improvements over a strong baseline coming from a distributional thesaurus (DT).
Introduction
The task of lexical substitution (McCarthy and Navigli, 2009 ) deals with the substitution of a target term within a sentence with words having the same meaning. Thus, the task divides into two subtasks:
• Identification of substitution candidates, i.e.
terms that are, for some contexts, substitutable for a given target term.
• Ranking the substitution candidates according to their context Such a substitution system can help for semantic text similarity (Bär et al., 2012) , textual entailment (Dagan et al., 2013) or plagiarism detection (Chong and Specia, 2011) . Datasets provided by McCarthy and Navigli (2009) and Biemann (2012) offer manually annotated substitutes for a given set of target words within a context (sentence). Contrary to these two datasets in Kremer et al. (2014) a dataset is offered where all words have are annotated with substitutes. All the datasets are suited for the open domain.
But a system performing lexical substitution is not only of interest for the open domain, but also for the medical domain. Such a system could then be applied to medical word sense disambiguation, entailment or question answering tasks. Here we introduce a new dataset and adapt the lexical substitution system, provided by Szarvas et al. (2013) , to the medical domain. Additionally, we do not make use of WordNet (Miller, 1995) to provide similar terms, but rather employ a Distributional Thesaurus (DT), computed on medical texts.
Related Work
For the general domain, the lexical substitution task was initiated by a Semeval-2007 Task (McCarthy and Navigli, 2009 ). This task was won by an unsupervised method (Giuliano et al., 2007) , which uses WordNet for the substitution candidate generation and then relies on the Google Web1T n-grams (Brants and Franz, 2006) 1 to rank the substitutes.
The currently best system, to our knowledge, is proposed by Szarvas et al. (2013) . This is a supervised approach, where a single classifier is trained using delexicalized features for all substitutes and can thus be applied even to previously unseen substitutes. Although there have been many approaches for solving the task for the general domain, only slight effort has been done in adapting it to different domains.
Method
To perform lexical substitution, we follow the delexicalization framework of Szarvas et al. (2013) . We automatically build Distributional Thesauri (DTs) for the medical domain and use features from the Unified Medical Language System (UMLS) ontology. The dataset for supervised lexical substitution consists of sentences, containing an annotated target word t. Considering the sentence being the context for the target word, the target word might have different meanings. Thus annotated substitute candidates s g1 . . . s gn ∈ s g , need to be provided for each context. The negative examples are substitute candidates that either are incorrect for the target word, do not fit into the context or both. We will refer to these substitutes as false substitute candidates s f1 . . . s fm ∈ s f with s f ∩ s g = ∅.
For the generation of substitute candidates we do not use WordNet, as done in previous works (Szarvas et al., 2013) , but use only substitutes from a DT. To train a single classifier, features that distinguishing the meaning of words in different context need to be considered. Such features could be e.g. n-grams, features from distributional semantics or features which are extracted relative to the target word, such as the ratio between frequencies of the substitute candidate and the target word. After training, we apply the algorithm to unseen substitute candidates and rank them according to their positive probabilities, given by the classifier. Contrary to Szarvas et al. (2013) , we do not use any weighting in the training if a substitute has been supplied by many annotators, as we could not observe any improvements. Additionally, we use logistic regression (Fan et al., 2008) as classifier 2 .
Resources
For the substitutes and for the generation of delexicalized features, we rely on DTs, the UMLS and Google Web1T.
Distributional thesauri (DTs)
We computed two different DTs using the framework proposed in Biemann and Riedl (2013) 3 . The first DT is computed based on Medline 4 abstracts. This thesaurus uses the left and the right word as context features. To include multi-word expressions, we allow the number of tokens that form a term to be up to the length of three.
The second DT is based on dependencies as context features from a English Slot Grammar (ESG) parser (McCord et al., 2012) modified to handle medical data. The ESG parser is also capable of finding multi-word expressions. As input data we use 3.3 GB of texts from medical textbooks, encyclopedias and clinical reference material as well as selected journals. This DT is also used for the generation of candidates supplied to annotators when creating the gold standard and therefore is the main resource to provide substitute candidates.
UMLS
The Unified Medical Language System (UMLS) is an ontology for the medical domain. In contrast to Szarvas et al. (2013) , which uses WordNet (Miller, 1995) to generate substitute candidates and also for generating features, we use UMLS solely for feature generation.
Google Web1T
We use the Google Web1T to generate n-gram features as we expect this open domain resource to have considerable coverage for most specific domains as well. For accessing the resource, we use JWeb1T 5 (Giuliano et al., 2007) .
Lexical Substitution dataset
Besides the lexical substitution data sets for the open domain (McCarthy and Navigli, 2009; Biemann, 2012; Kremer et al., 2014) there is no dataset available that can be used for the medical domain. Therefore, we constructed an annotation task for the medical domain using a medical corpus and domain experts.
In order to provide the annotators with a clear task, we presented a question, and a passage that contains the correct answer to the question. We restricted this to a subset of passages that were previously annotated as justifying the answer to the question. This is related to a textual entailment task, essentially the passage entails the question with the answer substituted for the focus of the question. We instructed the annotators to first identify the terms that were relevant for the entailment relation. For each relevant term we randomly extracted 10 terms from the ESG-based DT within the top 100 most similar terms. Using this list of distributionally similar terms, the annotators selected those terms that would preserve the entailment relation if substituted. This resulted in a dataset of 699 target terms with substitutes. On average from the 10 terms 0.846 are annotated as correct substitutes. Thus, the remaining terms can be used as false substitute candidates.
The agreement on this task by Fleiss Kappa was 0.551 indicating "moderate agreement" (Landis and Koch, 1977) . On the metric of pairwise agreement, as defined in the SemEval lexical substitution task, we achieve 0.627. This number is not directly comparable to the pairwise agreement score of 0.277 for the SemEval lexical substitution task (McCarthy and Navigli, 2009) since in our task the candidates are given. However, it shows promise that subjectivity may be reduced by casting lexical substitution into a task of maintaining entailment.
Evaluation
For the evaluation we use a ten-fold cross validation and report P@1 (also called Average Precision (AP) at 1) and Mean Average Precision (MAP) (Buckley and Voorhees, 2004) scores. The P@1 score indicates how often the first substitute of the system matches the gold standard. The MAP score is the mean of all AP from 1 to the number of all substitutes.
• Google Web 1T:
We use the same Google n-gram features, as used in Giuliano et al. (2007) and Szarvas et al. (2013) . These are frequencies of n-grams formed by the substitute candidate s i and the left and right words, taken from the context sentence, normalized by the frequency of the same context n-gram with the target term t. Additionally, we add the same features, normalized by the frequency sum of all n-grams of the substitute candidates. Another feature is generated using the frequencies where t and s are listed together using the words and, or and "," as separator and also add the left and right words of that phrase as context. Then we normalize this frequency by the frequency of the context occurring only with t.
• DT features: To characterize if t and s i have similar words in common, and therefore are similar, we compute the percentage of words their thesauri entries share, considering the top n words in each entry with n = 1, 5, 20, 50, 100, 200. During the DT calculation we also calculate the significances between each word and its context features (see Section 4.1). Using this information, we compute if the words in the sentences also occur as context features for the substitute candidate. A third feature group relying on DTs is created by the overlapping context features for the top m entries of t and s i with m = 1, 5, 20, 50, 100, 1000, which are ranked regarding their significance score. Whereas, the similarities between the trigram-based and the ESGbased DT are similar, the context features are different. Both feature types can be applied to the two DTs. Additionally, we extract the thesaurus entry for the target word t and generate a feature indicating whether the substitute s i is within the top k entries with k = 1, 5, 10, 20, 100 entries 6 .
• Part-of-speech n-grams: To identify the context of the word we use the POS-tag (only the first letter) of s i and t as feature and POS-tag combinations of up to three neighboring words.
• UMLS: Considering UMLS we look up all concept unique identifiers (CUIs) for s i and t. The first two features are the number of CUIs for s i and t. The next features compute the number of CUIs that s i and t share, starting from the minimal to the maximum number of CUIs. Additionally, we use a feature indicating that s i and t do not share any CUI.
Substitute candidates
The candidates for the substitution are taken from the ESG based DT. For each target term we use the gold substitute candidates as correct instances and add all possible substitutes for the same target term occurring in a different context and do not have been annotated as valid in the present context as false instances.
Results
Running the experiment, we get the results as shown in Table 1 . As baseline system we use the ranking of the ESG-based DT. As can be seen, the baseline is already quite high, which can be attributed to the fact that this resource was used to generate substitutes und thus contains all positive instances. Using the supervised approach, we can beat the baseline by 0.10 for the MAP score and by 0.176 for the P@1 score, which is a significant improvement (p < 0.0001, using a two tailed permutation test). To get insights of the contri- Table 1 : Results for the evaluation using substitute candidates from the DT.
bution of individual feature types, we perform an ablation test. We observe that the most prominent features are coming from the two DTs as we only achieve results below the baseline, when removing DT features.
We still obtain significant improvements over the baseline when removing other feature groups. The second most important feature comes from the UMLS. Features coming from the Google n-grams improve the system only slightly. The lowest improvement is derived from the part-of-speech features. This leads us to summarize that a hybrid approach for feature generation using manually created resources (UMLS) and unsupervised features (DTs) leads to the best result for lexical substitution for the medical domain.
Analysis
For a better insight into the lexical substitution we analyzed how often we outperform the baseline, get equal results or get decreased scores. According to Table 2 : Error analysis for the task respectively to the MAP score.
around 26% of the cases we observe a decreased MAP score, which is on average 0.16 smaller then the scores achieved with the baseline. On the other hand, we see improvements in around 39% of the cases: an average improvements of 0.26, which is much higher then the loss. For the remaining 25% of cases we observe the same score. Looking inside the data, the largest error class is caused by antonyms. A sub-class of this error are multi-word expressions having an adjective modifier. This problems might be solved by additional features using the UMLS resource. An example is shown in Figure 1 . For feature generation, we currently lookup multiword expressions as one term, both in the DT and the UMLS resource and do not split them into their single tokens. This error also suggests considering the single words inside the multi-word expression, especially adjectives, and looking them up in a resource (e.g. UMLS) to detect synonymy and antonymy. Figure 2 shows the case, where the ranking is performed correctly, but the precise substitute is not annotated as a correct one. The term nail plate might be even more precise in the context as the manual annotated term nail bed. Due to the missing annotation the Here the ranking from the system is correct, but the first substitute from the system was not annotated as such.
baseline gets better scores then the result from the system.
Conclusion
In summary, we have examined the lexical substitution task for the medical domain and could show that a system for open domain text data can be applied to the medical domain. We can show that following a hybrid approach using features from UMLS and distributional semantics leads to the best results. In future work, we will work on integrating DTs using other context features, as we could see an impact of using two different DTs. Furthermore, we want to incorporate features using n-grams computed on a corpus from the domain and include co-occurrence features.
